In this way, for each window, it was possible to determine which variables had a major influence on the probability of a change 27 of window state, and which did not. Thus, the variables were classified depending on the number of times they appeared in the 28 models (the logistic regression equations). The variables used most frequently in the models were regarded as more important 29 in general for opening/closing actions.
30
Logistic regression [32] was used as analysis and modeling method. Logistic regression is based on the logistic function as 
53
The "forward and backwards" selection of the variables for the regression models was executed based on the Akaike M A N U S C R I P T
A C C E P T E D ACCEPTED MANUSCRIPT practice, the process for the selection of the best model was implemented using the 'step' function with the 'glm' function in the 1 statistical language "R", with n explanatory variables. It is described by the following steps: Figure 2 . Flux diagram of the process aimed to generate and obtain the best fitting model 19 Further, a k-fold cross validation (with K=10) was executed on the top of the described selection process: Therefor, each data 20 sample was partitioned into ten sub-samples. Nine sub-samples were used for the training of the models, while one sub-sample 21 was used to test the model. This was done by using the measured input variables of the 10 th subsample (the one which was not 22 used for the training) as input to the model and comparing the model output with the monitored window position. The operation 23 was executed 10 times: each subsample was used once as a test subsample, while the remaining nine sub-samples were used 24 as training samples. The analysis and modeling activity was executed for the window state change "opening" and the window 25 state change "closing" separately. By windows with more panels, p=0 corresponds to both panels closed, while p=1 26 corresponds to at least one panel open. In order to infer the probability of opening and closing (the "state change probability"),
27
the data sample was partitioned into two sub-samples: sub-sample "window closed", to infer the probability that a window will be 28 opened and sub-sample "window open", to infer the probability that a window will be closed. The complete modeling process is 29 graphically described in the flux diagram of Figure 2 . The analyses were executed in the language "R" using the packages 30 "Companion to Applied Regression" (car) and the package "Mixed GAM Computation Vehicle with GCV/AIC/REML Smoothness
31
Estimation" (mgcv), within the programming environment R Studio.
at the end of the nineteen-fifties, with relatively poor materials and unpretentious engineering systems. The three buildings, M A N U S C R I P T
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refers to the group of the 30 apartments in building 2, E for entrance, e.g. B2E1 indicated the 10 apartments located in building 2 1 and accessible through entrance 1. The buildings are 52 m wide and 10 m long. Before retrofit, the gables had 4 cm insulation material and the windows were double glazed; the roof, the floor to the cellar and the façade were not insulated. The apartments 3 were heated through gas stoves installed in each living room. Domestic hot water was produced through gas flow heaters 4 installed in each apartment. and useful knowledge about optimal retrofitting can be gained. Building 1 and building 2 are connected to a district heating 4 network, while building 3 is heated through different types of heat pumps (HP). Depending on the entrance, radiators (Rad), 5 ceiling heating (CH), floor heating (FH) and ventilation heating (VH) were installed to deliver the heating energy to the indoor 6 heated spaces. Standard water heaters and low temperature peripheral domestic hot water (DHW) heaters were installed. In the 7 peripheral solution the DHW is generated in each apartment through so called fresh water heat exchanger stations (FWHX). The 8 seven retrofit layouts are schematically described in Table 1 . More information about the buildings and the retrofit layout can be 9 found in [34] [35] [36] [37] [38] .
It should be noted that there are five windows per apartment; two of them (in kitchen and bathroom) have one opening panel.
11
The two windows in the bedrooms and in the children rooms have three opening panels: for those windows, the panels on the 
3
All variables (except for window position) were monitored through room monitoring units (RMUs) as shown in Figure 5 . Further 4 information about the monitoring system can be found in [39] . In building 1, only 7 apartments were equipped with RMUs. The 5 evaluation presented in this manuscript was therefore related to B2 and B3. The windows' positions were monitored through 6 wired reed switches installed in the windows' frames and permanent magnets installed in the frame of the windows' moveable 7 panels. The monitoring started in 2010 (The buildings were completely occupied since spring 2011), the measurements were 8 collected each 60 s, and the data was stored in HDF5 files. Due to crashes of the monitoring system, not all data was always 9 collected correctly. For the year 2012 (chosen for the here proposed analysis), at least 90 % of the data was correctly collected;
10 the crashes of the monitoring system were spread out over the entire monitoring period.
11 Table 2 shows the specification of the sensors adopted to collect the variables used within the LRA (the choice of those 12 variables is explained in the next section). 
5
As already mentioned in the introduction, it is important to monitor the opening cycles of the windows event-based, or within a 6 short time interval. Figure 7 shows the duration of time with open windows. In colder months, the duration was much shorter 7 than in warmer periods. In this section, the results of the regression analysis applied at room (window) level are illustrated. The method explained in 10 section 2 was applied to the 300 windows located in buildings B2 and B3. The only categorical variable used was "Time range", 11 which distinguishes between low, medium and high probability of a state change of a window, and is grouped as follows: 
24
The categorical variable "Time range" was used in order to take into account the differences in behavior, depending on the time 25 of the day. The categories were chosen based on the observations of the window opening activity in Building 2 entrance 1.
26
Those are illustrated in Figure 8 . In the selection of the variables to be used for the LRA, correlating variables were avoided. The carbon dioxide concentration 1 was chosen instead of the volatile organic compounds (VOC) as the indicator for air quality. This choice is justified by the fact
Example of an opening and a closing model of one window 23
One model for the opening and one model for the closing action of one window were selected, with the aim to illustrate the way 24 the models work; the models presented within this section were selected randomly from the 546 models (273 for opening, 273 25 for closing), and therefore those models are not representative. The presented models were obtained from the data monitored in 26 a living room of one apartment located in B2E1. The models were defined by equation 5 and 6, respectively for the opening and 27 the closing action. The terms of the equations were defined as following: Which time slot is analyzed, depends on the chosen intercept: the explanatory categorical variable "time" only affected the 10 intercept, since no interaction terms between this variable and other continuous variables were present in these particular 11 models. For the presented opening action model, the probability of opening a window grew with increasing CO2 concentration and with increasing room temperature. In the closing action model, the probability of closing a window grew with:
The probability of the opening action in the model described in equation 5 is graphically illustrated in Figure 9 . The probability of 1 the opening action for this particular window was very low at night, high in the morning and very high during the rest of the day.
2
The probability of opening varied between 0 and 0.02. The small values were a consequence of the very short measuring 3 interval (60 s). In essence, the model calculated the probability of opening and closing a window within the next minute. This 14 The most common continuous explanatory variable was the carbon dioxide concentration, present in over 50% of the models.
15
The room temperature, the relative humidity of the room, the daily average outdoor temperature, and the outdoor relative 23 Figure 11 and Figure 12 show the drivers which directly (positively) and inversely (negatively) influenced the probability of the 24 action "window opening" respectively (this can be verified based on the sign of the coefficients: a negative coefficient shows a 25 negative correlation to the probability of action). An increase in carbon dioxide concentration leads to an increase of the 26 probability of window opening for more than 45% of the windows; However, contrary to this result, the carbon dioxide 27 concentration negatively influenced the opening action for approximately 6% of the models; this is not necessarily a Figure 13 shows the explanatory variables of the logistic regression models of closing action. Figure 14 and Figure 15 show the 5 drivers that positively and negatively influenced window opening action respectively. The daily average outdoor temperature 6 was the most common driver (in almost 70% of the models); in particular, as Figure 15 shows, the probability of closing windows 7 increased with decreasing daily average outdoor temperature. The variable time was present in almost half of the models.
8
Further, an increase in the carbon dioxide concentration was associated with increasing probability of the closing action: the 9 carbon dioxide concentration correlated with the presence of occupants, and the presence of occupants is a necessary 10 condition for the window to be closed. In almost 40% of the models, a decrease of the room temperature corresponded to an 11 increase of the probability of closing the window. In this section, the explanatory variables of the logistic regression models for the opening and the closing action are illustrated, 5 depending on room typology. The names "living room", "bedroom" and "children room" only refer to the nomenclature used in
In this section, the share of explanatory variables within the models is compared depending on the level of the apartments (as 23 illustrated in Table 8 and Table 9 ). The variables varied strongly depending on the level of the apartments. However, it was not 24 possible to find systematic patterns in the variation of the behavior. The change in behavior may have been a result of 25 distribution of occupants within the different levels. 
26
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11
The models that were used to investigate the drivers were all developed using the AIC as a means to select variables. It turned 12 out that all variables in the models had a statistically significant impact (p<0.05) on the window opening/closing probability. This
13
implies that the observed correlations are not likely to be random. In the analyses, we investigated the sign of the correlation 14 (positive or negative) but we did not investigate the size of the coefficients, which is a measure of the size of the effect. As such,
15
the results in this paper only state how the variables affected the window opening/closing probability (positively or negatively). It
16
does not state how big the effects were.
17
Furthermore, in order to keep the interpretation of the results at a manageable level, interactions between continuous variables 18 were not included. Interaction terms between the categorical variable "time" with the continuous variables were included, but 19 were used by less than 10 % of the models.
20
The main scope of the work was the investigation of the drivers for opening and closing windows, as discussed in section 4.2 21 and 4.3 respectively. Time of day was the most frequent driver for opening windows and the second most frequent driver for 22 closing windows. This could be an indication that the observed window opening behavior was linked to specific activities which 23 occur at specific times. E.g. a state change is less likely to occur when the occupants are asleep than when they are awake.
24
And most occupants tend to sleep during the night. As such, the lower probability of opening and closing windows during the 25 night was probably linked to the occupants' sleeping patterns rather than the time itself. Likewise, the peaks in state changes 26 during morning and evening in Figure 8 could be a consequence of typical activities at those times of the day (e.g. showering,
27
cooking, or simply moving from one room to another). However, since we did not gather information about the occupants' 28 activities, we cannot point to a direct explanation. 
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In general, the time of day, the CO2 concentration and the average outdoor temperature appeared most frequently in the models 1 of window opening and closing. These results support the tendency of the results in [27] and underline the importance of 2 including indoor air quality indicators in any attempts of modeling occupants' window opening behavior in residential buildings.
3
The most frequently occurring driver for closing of windows was the daily outdoor average temperature and in the majority of the described within this paper for buildings with known occupancy patterns. Those patterns could help on the one hand, to better 48 and more precisely fit the models, and on the other hand, to use the models under the real occupants' presence conditions.
49
Logistic regression was confirmed to be a strong and robust analysis methodology for investigating the drivers for occupants to 1 This indicates that the occupants' window opening behavior was driven by the activities in the home (like showering and cooking 2 activities, which produce moisture) and by pollutants in the indoor air (windows were opened to remove moisture from kitchen 3 and bathroom and to remove bioeffluents from the rest of the rooms).
4
Finally, no systematic changes in drivers for the observed behavior were recognizable, when comparing the ventilation 5 principles and the level of the apartments. 
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• Occupants open and close windows depending on drivers leading them to take action.
• Drivers can be identified through logistic regression analysis.
• The most common drivers for opening action are: time of the day and CO 2 concentration.
• The most common drivers for closing action are: outdoor temperature and time of the day.
• Thermal comfort and AIQ play a role for occupant behavior in regard to natural ventilation.
